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a b s t r a c t
Purpose: To assess the associations of occupational heat and cold-related illnesses presenting in
emergency departments in south western Ontario, Canada, with daily meteorological conditions using
Bayesian inference.
Methodology: Meteorological and air pollution data for the south western economic region of Ontario
were gathered from Environment Canada and the Ministry of Environment. Daily heat and cold-related
emergency department visits clinically attributed to work from 2004 to 2010 were tabulated. A novel
application of Bayesian inference on a ﬂexible Poisson time series model was undertaken to examine
linear and non-linear associations between average, regional meteorological conditions and daily
morbidity rates, to adjust for relevant confounders and temporal trends, and to consider potential
interactions.
Results: Bilinear associations were observed between regional temperatures and morbidities resulting
from extreme temperature exposures. The median increase in the daily rate of emergency department
visits for heat illness was 75% for each degree above 22 1C (posterior 95% credible interval (CI) relative
rate¼1.56–1.99) in the daily maximum temperature. Below 0 1C, rates of occupational cold illness
increased by a median of 15% for each degree decrease in the minimum temperature (posterior 95% CI
0.80–0.91); wind speed also had a signiﬁcant effect.
Conclusions: The observed associations can inform occupational surveillance and injury prevention
programming, as well as public health efforts targeting vulnerable populations. Methodologically, the use
of Bayesian inference in time series analyses of meteorological exposures is feasible and conducive to
providing accurate advice for policy and practice.
& 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
1. Introduction
The environmental hazard posed by extreme temperature is
well recognized (Cheng et al., 2005; Field et al., 2007; Health
Canada, 2011). At especially high and low ambient temperatures,
the human body becomes susceptible to temperature-related
morbidity and mortality, including heat stress disorders (i.e. heat
stroke, exhaustion) and cold-related conditions (i.e. hypothermia,
frostbite). As the frequency of extreme temperature exposures is
predicted to increase due to climate change, there is rising concern
about possible health impacts (Cheng et al., 2005; Field et al.,
2007).
The susceptibility of the elderly, those with chronic illness and
children to extreme temperature is frequently studied, although
our understanding of the working population is less developed
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(Health Canada, 2011; Jay and Kenny, 2010; Nelson et al., 2011).
It is possible that since the working population's vulnerability relates
to exposures from warm or cold industrial processes in indoor
settings (Hajat and Kosatsky, 2010; Health Canada, 2011; Jay and
Kenny, 2010; Nelson et al., 2011), workers may be less vulnerable to
the variation of ambient temperature. Existing studies of occupa-
tional heat and cold-related morbidities have been largely limited to
speciﬁc industries (Carter et al., 2005; Donoghue, 2004; Hassi et al.,
2000; Jackson and Rosenberg, 2010; Makinen and Hassi, 2009), have
examined associations with categories of temperature exposures and
frequently have not controlled for relevant meteorological confoun-
ders and temporal variation (Morabito et al., 2006; Sinks et al., 1987).
As a result, it is unknown whether non-linear effects of temperature
observed in the general population (Kovats and Hajat, 2008;
Martiello and Giacchi, 2010; Ye et al., 2012) are present amongst
the occupational population.
Further, time series studies of temperature-related illnesses have
largely used a generalized additive modeling approach to study non-
linear associations with meteorological conditions (Ye et al., 2012).
Using Bayesian inference is advantageous as it provides more
accurate effect and uncertainty estimates (Brezger and Lang, 2006).
As software advances, Bayesian inference is becoming an increasingly
accessible methodology and can be particularly useful to study
continuous environmental variants like temperature (Brezger and
Lang, 2006; Rue et al., 2009).
The primary objective of this study is to evaluate the associa-
tions between meteorological conditions and occupational,
temperature-related morbidity, adjusting for relevant confounders
and temporal trends. These associations have implications for
worker health and productivity and can inform prevention pro-
gramming and policy.
2. Materials and methods
An ecologic time series analysis was conducted to examine the associations
between occupational, temperature-related emergency department visits and
meteorological data in the south western economic region of Ontario, Canada
between January 1, 2004 and December 31, 2010.
Fig. 1. Map identifying Ontario's south western economic region within Canada.
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As shown in Fig. 1, the south western economic region encompasses Canada's
most southern area, including the London, Windsor-Sarnia and Stratford-Bruce
Peninsula census divisions (Ministry of Finance, 2010). Approximately 1.6 million
people reside in this area in both urban and rural settings (Statistics Canada, 2012).
2.1. Meteorological data
Meteorological and air pollution data were acquired from Environment
Canada's online climate history database and the Ontario Ministry of the Environ-
ment's online air pollutant database respectively. Daily conditions during the study
period were collected or calculated using hourly data from each active reporting
station to calculate the average regional characteristics.
2.2. Outcome data
Emergency department encounters are particularly useful indicators of the
acute meteorological exposures (Hajat and Kosatsky, 2010; Ye et al., 2012).
In Ontario, citizens are insured for medically necessary healthcare, including visits
to acute care facilities, which are systematically documented in the National
Ambulatory Care Reporting System. This process is coordinated by the Canadian
Institute for Health Information and has been mandated by the province of Ontario
since 2000 (Canadian Institute for Health Information, 2003). Data describing the
reason for each visit are recorded using the Canadian implementation of the
International Classiﬁcation of Diseases, 10th Revision (ICD-10-CA) classiﬁcation
system (World Health Organization, 2011). If the condition is clinically determined
to be work-related, the responsibility of payment for each visit may be attributed to
the Workplace Safety & Insurance Board (Canadian Institute for Health Information,
2008). The attribution of work-relatedness by emergency department clinicians is
independent of subsequent registration or acceptance of workers' compensation
claims (Mustard et al., 2012). Work-related, non-scheduled visits between January
1, 2004 and December 31, 2010 were examined by this study.
Visits relevant to south western Ontario were identiﬁed using the forward
sortation areas of each patient's residence—the ﬁrst three digits of their postal
code. The Postal Code Conversion File provided by Statistics Canada was used to
sort forward sortation areas to corresponding census subdivisions and, subse-
quently, to economic regions. In the case that a forward sortation area overlapped
multiple economic regions, a probabilistic allocation method based on the
approximate proportion of geographic overlap with corresponding census subdivi-
sions was used.
2.3. Estimates of labour force size
The number of full-time equivalent (FTE) employees in the south western
Ontario labour force was estimated for each study month using the monthly
Canadian Labour Force Survey conducted by Statistics Canada. Forty hours of actual
work reported per week was considered the equivalent of a fulltime work
commitment.
2.4. Case deﬁnitions
Inclusion criteria and exclusion criteria for heat and cold-related illnesses were
developed on the basis of the ICD-10-CA codes outlined in Table 1. The condition or
cause could be listed in any of the main or other reasons for the visit. Cases with an
etiology associated with speciﬁc seasons, although not attributed to temperature
itself, such as accidental drowning, were speciﬁcally excluded.
2.5. Analytic methods
Daily case counts of temperature-related morbidities were modelled with a
Generalized Linear Mixed Model, with Bayesian inference used to estimate effect
sizes and produce 95% credible intervals (CIs). The log of morbidity risk on each day
was formed from the sum of a yearly cyclical term, an effect for each day of the week, a
smoothly varying trend in time (a ﬁrst order autoregression), and components for each
of the environmental and meteorological risk factors considered. Observed case counts
were modelled with a Poisson distribution having mean equal to the risk times the
monthly estimate of the number of FTEs in the region. Given the absence of previous
studies of the association between meteorological exposures and worker health in
Canada, ﬂat, uniform prior probability distributions that had a mean of one and a
variance of zero were used for all models.
Risk factors included as model covariates were determined a priori. Temperature
metrics carry minimal importance outside of their comprehensibility (Ye et al., 2012),
and daily regional averages of maximum temperature and minimum temperatures
were used in this study. To examine the non-linearity of the body's response to
temperature (Ye et al., 2012) and acquire risk estimates on a linear scale, pre-existing
indices were used to identify threshold temperatures that elicit discomfort in the
Canadian context. The Humidex indicates that above 22 1C, the human body may no
longer be comfortable depending on the relative humidity (Masterson and Richardson,
1979). Due to the effect of wind and temperature, decreases in comfort can also exist
below 0 1C according to the Canadian Wind Chill index (Environment Canada, 2012).
In order to capture these effects in a parsimonious fashion, temperature was included
in the model as a straight line with a bend (or knot) at 0 1C or 22 1C for cold-related
and heated illnesses respectively. Following Armstrong (2006), the term ‘bilinear
model' will be used to describe the temperature variables. To assess the lag effect of
temperature on heat illness frequently observed over the three days following heat
exposure (Ye et al., 2012) without incurring concerns about colinearity, the sum of the
differences between temperature on the current day and that on the previous three
days (Tlag3) was computed for the model. For comparison with previous studies that
examined linear effects of temperature, a purely linear model without thresholds was
also implemented.
In addition to the bilinear models, the analysis was repeated with randomly
varying effects for minimum and maximum temperature. Rather than having the
risk of temperature-related morbidity change by a ﬁxed amount for each degree of
temperature change, or in the case of the bilinear models by one or two ﬁxed
amounts depending on temperature, the random temperature effect is allowed to
vary in a continuous, but otherwise unrestricted fashion. A random temperature
effect will ﬁt the data more closely than a parametric (or linear spline) model at the
possible cost of reduced power and generalizability. A (ﬁrst-order) random walk
process was used for this purpose, with two temperatures ω1 and ω2 having the
difference between their two effects, B(ω1)B(ω2), being Normally distributed with
variance (ω1ω2) η2. The η2 parameter controls the smoothness of the time effect,
and is estimated from the data. This analysis was carried out to assess the adequacy
of the linear and bilinear models, with departures of the effect of temperature from
a linear trend investigated.
A measure of humidity, relative humidity, and air pollutant concentrations
were included due to their tendency to confound the association between
temperature and heat-related morbidity (Hajat and Kosatsky, 2010). Daily regional
maximum concentrations of ground level ozone (O3), ﬁne particulate matter
smaller than 2.5 μm in diameter (PM2.5), nitric oxides (NOX), carbon monoxide
(CO) and sulfur dioxide (SO2) were used in all models. Wind speed was adjusted for
in the model of cold-related morbidity (Sinks et al., 1987). Interactions between
relative humidity and maximum temperature, as well as for wind speed and
minimum temperature were tested in the heat and cold models, respectively, and
were included in the ﬁnal models if they had statistical signiﬁcance.
Variations in risk over time, in excess of what changes in the risk factors above
would predict, were accounted for in three ways. First, to control for known day of
week effects (Gasparrini and Armstrong, 2010; Morabito et al., 2006; Ye et al.,
2012), an eight-level categorical variable (for each day and for statutory holidays)
was included. Second, seasonality was accommodated with sine and cosine
functions with 12 month and 6 month periods, with the latter included to allow
for a wider variety of shapes of yearly cycles than would be the case if only curves
with 12 month periods were included (Bhaskaran et al., 2013). Finally, possible
residual variation in risk was allowed for with the inclusion of a randomly (but
smoothly) varying time trend with a value for each day of the study period. These
variations could be caused by social, environmental, or economic changes not
accounted for in the model, and an autoregressive (or AR(1)) process was speciﬁed
for this time trend. This process has two terms: a correlation term determining
whether residual risk varies smoothly or roughly; and a variance term governing
Table 1
Inclusion and exclusion criteria for case deﬁnitions of heat-related and cold-related
morbidities in emergency department encounter records. Reasons for visit were
identiﬁed using ICD-10-CA Codes (World Health Organization, 2011).
Inclusion criteria:
(a) Heat-related (b) Cold-related
Main or Other Problem listed: Main or Other Problem listed:
T67: Effects of heat and light T33: Superﬁcial frostbite
X30: Exposure to excessive
natural heat
T34: Frostbite with tissue necrosis
W92: Exposure to excessive heat
of man-made origin
T35: Frostbite involving multiple body
regions and unspeciﬁc frostbite
T68: Hypothermia
T69: Other effects of reduced temperature
X31: Exposure to excessive natural cold
W93: Exposure to excessive cold of man-
made origin
Exclusion criteria:
Main or Other Problem listed:
W00: Falls on same level involving ice or snow
W50-W64: Exposure to animate mechanical forces
W67-W70, W73, W74: Accidental drowning and submersion
X2: Contact with venom
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whether these variations are large and inﬂuential or small. An arithmetic descrip-
tion of the models can be found in the Appendix.
Models of this form, with smoothly varying time trends and effects of risk
factors, are commonly used for modelling time series of case counts (Breslow and
Clayton, 1993; Likhvar et al., 2011; Peng et al., 2006). Inference can be carried out
with generalized additive modeling (or Penalized Likelihood) (Peng and Dominici,
2008) or Bayesian inference (Fahrmeir and Lang, 2001). One advantage of Bayesian
inference over the generalized additive modeling approach is the former allows for
integrated estimation of the regression coefﬁcients and the parameters determin-
ing the smoothly varying terms. In Bayesian inference, uncertainty in estimating
each parameter is fully reﬂected in the estimates and CIs of all other parameters,
which Brezger and Lang (2006) point out is particularly important when there are a
number of explanatory variables and smooth terms.
The models were ﬁt using Integrated Nested Laplace Approximations (or INLA, see
Rue et al., 2009) with the INLA software available from www.r-inla.org. Although less
established than the more standard Markov Chain Monte Carlo (MCMC, see Gilks et al.,
1995) methods for Bayesian inference, INLA is well suited to problems of this type.
Related applications of INLA include Chien and Bangdiwala's (2012) study of air
pollution health effects. Brieﬂy, INLA proceeds by: ﬁrst ﬁnding a plausible collection of
values for the non-linear model parameters (, η, φ) using numerical optimization;
second obtaining Laplace approximations for all marginal distributions of random
effect terms (A, possibly B), and linear parameters (μ, α, β, γ) conditioned on each set of
non-linear parameters; and third numerically integrating these marginals with respect
to the densities of the non-linear parameters to obtain the marginal posteriors.
INLAwas chosen for this application for its computational efﬁciency and ease of
implementation in comparison with MCMC. The requisite computer code for model
speciﬁcation with INLA is no more complex than comparable Penalized Likelihood
software implementations (such as MGCV, see http://cran.r-project.org/web/
packages/mgcv/index.html), and computational efﬁciency of INLA yields results
for models of this complexity nearly instantaneously. Further, the limitations of
INLA (only marginal posteriors from latent linear Gaussian models are available)
were not a concern in this instance.
The outcome datasets were prepared using the SAS 9.3 platform. Descriptive
and modeling analyses were conducted in R, Version 3.0.1, with the R-INLA package
from www.r-inla.org (Martins et al., 2013; Rue et al., 2009).
3. Results
Of the 171,463 occupational emergency department encounters
during the study period in south western Ontario, 273 were for
heat illness (5.50 visits per 100,000 FTEs annually) and 46 for cold-
related morbidity (0.93 per 100,000 FTE years). Most heat illnesses
were due to heat exhaustion (63%), 4% involved syncope (fainting),
1% experienced for heat cramps and the remaining were unspe-
ciﬁed or listed as other. The majority (66%) of cold-related
emergency department visits was due to frostbite or burns related
to cold exposure, 13% involved hypothermia and the remaining
were unspeciﬁed.
Table 2 outlines descriptive statistics of meteorological vari-
ables for the region, including an assessment of the variation
between the meteorological stations. Fig. 2 illustrates the daily
number of emergency department encounters for heat and cold-
related illnesses across the study period and the daily variation in
regional temperatures. Table 3 tabulates the crude rate of
emergency department encounters by categories of temperature
with exact Poisson conﬁdence intervals (Mulder, 1983).
Modeling maximum temperature as a bilinear predictor of
work-related heat illness carried more likelihood than its use as
a continuous, linear term. The less likely linear model indicated a
40% increase in risk on average per degree Celsius (posterior 95%
CI¼1.28–1.53). The interaction tested for temperature and relative
humidity was not statistically signiﬁcant and reduced the marginal
likelihood of the model. These results motivated the use of the
bilinear model of occupational heat illness without interactions.
The bilinear model of cold-related occupational emergency depart-
ment encounters was more likely than a linear model. The median
posterior estimate of a linear risk model indicated a 10% decrease in
risk of a cold-related emergency department visit per degree increase
in temperature (posterior 95% CI¼0.81–1.00). Interactions between
wind and minimum temperature were not statistically signiﬁcant and
decreased the marginal likelihood of the model. A bilinear model
without interactions was also selected as the most likely means to
model risk of occupational, cold-related emergency department visits.
Table 4 summarizes the estimated effects of relevant meteor-
ological covariates on the daily rate of heat-related and cold-
related emergency department encounters due to occupational
exposures based on bilinear models that adjust for day of the
week/holiday, biannual and random temporal trends.
On average, there was a 75% increase in the rate of emergency
department encounters for occupational heat illness per degree
Celsius above 22 1C in the region's average maximum temperature.
When the temperature is less than 22 1C, the increase was, on
average, 20% per degree. Relative humidity exerted a positive,
although not statistically signiﬁcant, inﬂuence. The metric of lagged
temperature, the sum of the differences in temperature on the
previous three days, had a positive effect that was marginally non-
signiﬁcant. Ozone was the only pollutant to exert a statistically
signiﬁcant effect; each unit increase in regional ozone concentrations
was associated with a two percent increase in the rate of emergency
department encounters for occupational heat illness on average.
Below 0 1C, there was a 15% statistically signiﬁcant increase in
risk of cold-related emergency department encounters for each
degree decrease in daily minimum temperature, averaged across
the region. Above 0 1C, the increased risk was 10% per decrease in
degrees Celsius, although its statistical signiﬁcance was marginal.
Each unit increase in wind speed was associated with a signiﬁcant,
six percent increase in the rate of cold-related occupational
emergency department encounters.
Risks of temperature-related occupational emergency depart-
ment encounters with temperature as a ﬂexible, random walk
(shown in Fig. 3) suggested that the thresholds selected for the
bilinear risk estimation were generally appropriate. Above
approximately 15 1C, maximum temperature was no longer
Table 2
Descriptive statistics of meteorological and air pollutant data arithmetic average of daily values throughout economic region of south western Ontario from 2004 to 2010.
Mean Standard deviation Range Standard deviation across
monitoring stations
Mean IQR
Maximum temperature (1C) 9.1 10.5 18.3–29.3 1.7 1.3–2.0
Minimum temperature (1C) 4.2 9.9 24.5–4.3 1.9 1.4–2.4
Maximum relative humidity (%) 90.7 5.8 55.4–99.7 5.6 3.6–7.2
Maximum wind speed (km/h) 23.8 7.3 6.7–59.6 4.8 3.2–5.9
Maximum air pollutant concentration
O3 (ppb) 42.4 15.0 6.14–108.9 6.0 3.8–7.4
NOX (ppb) 15.2 9.0 1.8–67.0 8.8 5.7–11.3
PM2.5 (μg/m3) 39.8 31.4 5.1–472.0 5.0 2.9–6.2
CO (ppm) 0.4 0.2 0.0–2.7 0.2 0.1–0.2
SO2 (ppb) 14.1 11.9 0.0–98.0 14.9 4.2–19.1
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protective and the posterior 95% CI indicated that this change
occurs at less than 22 1C. For cold-related emergency department
encounters, protection no longer existed below 2 1C and there was
statistical credibility of increased risk below 10 1C. Bilinearity
was present about the observed thresholds; the effect estimates
changing at differing rates above and below the thresholds.
4. Discussion
In this population-based study of occupational temperature-
related morbidities, signiﬁcant, bilinear associations were
observed with average, ambient temperatures; linear relationships
were less likely. Risk of heat illness increased across all tempera-
ture ranges, with a 55% greater increase per degree above 22 1C
than below. A signiﬁcant increase in risk was observed for work-
related cold illness for degrees below 0 1C. However, above 0 1C,
reduced risk was 5% less per degree and not statistically signiﬁ-
cant. Wind speed had a signiﬁcant impact on risk of cold illnesses
for the region's working population.
These results afﬁrm the vulnerability of the working populace to
heat attributed morbidities with changes in temperature. Comparing
these ﬁndings to those from a similar study of the general populace
of south eastern Ontario, the effect of maximum temperature on
occupational heat illness was signiﬁcantly higher. In their analysis,
Perry et al. (2011) noted a 22% (95% conﬁdence interval: 19–25%)
increase in risk of heat illness presenting to emergency departments
per degree increase across all temperatures. Without adjustment for
air pollution, lagged effects or non-linear temporal trends and having
used Frequentist methods, the estimates are likely overestimated
relative to those in this study. Despite this, risk for workers was
signiﬁcantly larger than for the general populace.
Our ﬁndings build on previous studies of occupational cold
illness. Sinks et al. (1987) studied risks of ﬁling a compensation
claim for cold stress (60% of which was for frostbite) during the
winter season in Ohio, which is geographically proximate to
Ontario. The study noted 4.3 times greater risk on days when
the temperature is between 12 1C and 17 1C relative to when it
is between 2 1C and 7 1C, not accounting for wind or temporal
trends. An equivalent comparison in this study would carry
approximately two thirds the increase in risk (Posterior, median
relative rate¼2.87). The heightened risk may be because of
increased severity of cold illnesses involving lost work time
relative to those motivating an emergency department encounter
or due to methodological differences. The study also noted a sharp
increase in rates below 20 1C, which was also observed in a
population-based study of hospitalizations for frostbite amongst
southern Finland's general population. Southern Finland experi-
Fig. 2. Daily count (black bars) of work-related emergency department visits for
(a) heat-related and (b) cold-related emergency department visits and daily
average temperatures (grey lines) in south western, Ontario from 2004 to 2010.
Table 3
Crude monthly rates of emergency department encounters for (a) heat and (b) cold-related illnesses by categories of regional temperature exposures.
(a) Heat-related
Maximum temperature (1C) Emergency department visits FTE-months of exposure Crude monthly rate per 1000,000 FTEs
(95% conﬁdence intervals)
o10 5 29,985,858 0.17 (0.07–0.34)
10o16 7 9,488,957 0.74 (0.36–1.38)
16o19 12 6,810,606 1.76 (1.02–2.89)
19o22 24 6,628,360 3.62 (2.44–5.21)
22o25 73 4,819,781 15.14 (12.10–18.81)
25o28 90 1,820,450 49.44 (40.25–60.16)
28þ 62 48,896 1268.00 (990.08–1602.52)
(b) Cold-related
Minimum temperature (1C) Emergency department visits FTE-months of exposure Crude monthly rate per 1000,000 FTEs
(95% conﬁdence interval)
o18 5 717,612 6.97 (3.07–14.27)
18–o12 9 298,0617 3.02 (1.60–5.29)
12–o6 5 6,582,521 0.76 (0.33–1.56)
6–o0 7 10,400,668 0.67 (0.33–1.26)
0–o6 9 11,577,516 0.78 (0.41–1.36)
6–o12 3 11,297,579 0.27 (0.10–0.64)
12þ 8 16,105,214 0.50 (0.26–0.90)
M. Fortune et al. / Environmental Research 132 (2014) 449–456 453
ences similar monthly mean temperatures in the winter months as
south western Ontario (Juopperi et al., 2002). This study's visua-
lization of risk with minimum temperature as a random walk also
conﬁrms this, which is not surprising given the predominance of
frostbite injuries in this study and in Ohio's compensation claims.
The use of seven-years of emergency department visit data,
which is population based and includes experiences of workers
not insured by workers' compensation, is a particular strength of
this work (Mustard et al., 2012). Our focus on morbidity outcomes
also expands current knowledge, which is frequently informed by
mortality analyses (Martiello and Giacchi, 2010; Ye et al., 2012).
The analytic methodologies of this study increase the applicability
of its ﬁndings across the working population and over time. Com-
pared to case crossover studies and event-based studies
(i.e. heat waves and cold spells), the time series analysis chosen for
this study is advantageous due to its assessment of risk across the
range of meteorological exposures instead of focusing analysis on
extreme conditions. This permitted important observations regarding
risk during moderate exposures. With adjustment for autoregressive
trends, time series methods also account for unmeasured character-
istics that could have changed over the study's time frame and
confounded estimates, such as the nature of workforce activities
(Gasparrini and Armstrong, 2010). Our assignment of thresholds a
priori based on pre-existing indices of relevance to the study's location
was another analytic strength. Finally, the use of Bayesian inference
increases the conﬁdence that the precision of the observed ﬁndings is
not overestimated (Brezger and Lang, 2006).
A limitation of this work was the use of average exposures based
on the region's central monitoring sites. These measures are unlikely
to be accurate representations of individual worker's exposures.
While sacriﬁcing precision, this methodology has advantages as it
permits an examination of population-level trends, reduces the
frequency of missing data (Schwartz et al., 2004) and may provide
more useful information for regionally-based policies and programs. A
related consideration is the potential for spatial misclassiﬁcation.
Since residence was used to capture relevant cases, workers who
lived in south western Ontario, but became ill when working outside
of the region would be inaccurately assigned the region's meteor-
ological conditions. This hypothetical misclassiﬁcation would bias
estimates towards the null.
Lastly, this study likely underestimates the true incidence of
temperature-related illnesses. The case deﬁnitions used for this
study were advantageous due to their consideration of all listed
reasons for each emergency department visit instead of relying
exclusively on the primary reason as done in some studies
(Centers for Disease Control and Prevention, 1984; Semenza et
al., 1999; Ye et al., 2012). However, cases not explicitly indicated as
temperature-related were not captured. Further, less acute mor-
bidity treated in primary care or workplace settings was excluded.
Future research examining other conditions that are observed to
be indirectly related to heat and cold exposures in the general
population, such as respiratory and cardiovascular conditions
Table 4
Posterior median relative rates and 95% Bayesian CI estimated using time series
models of (a) occupational heat-related and (b) occupational cold-related emer-
gency department visits. Estimates are also adjusted for day of week/holiday,
biannual and random temporal trends.
Posterior median
relative rate (95% CI)
(a) Heat-related
Maximum temperature (1C below 22) 1.20 (1.09–1.33)
Maximum temperature (1C above 22) 1.75 (1.56–1.99)
Maximum relative humidity (%) 1.01 (0.97–1.05)
Sum of the differences between the temperature on
the current day and that on the previous
3 days (1C)
1.02 (0.99–1.05)
Maximum air pollutant concentration
O3 (ppb) 1.02 (1.00–1.04)
NO (ppb) 1.00 (0.99–1.01)
PM2.5 (μg/m3) 0.99 (0.97–1.01)
CO (ppm) 1.32 (0.49–2.92)
SO2 (ppb) 1.00 (0.98–1.02)
(b) Cold-related
Minimum temperature (1C below 0) 0.85 (0.80–0.91)
Minimum temperature (1C above 0) 0.90 (0.81–1.00)
Maximum wind speed (km/h) 1.06 (1.02–1.11)
Fig. 3. Posterior median estimates (black lines) and 95% CIs (grey lines) of variation of the log rate ratio attributed to temperature based on models of (a) heat-related and
(b) cold-related emergency department visits. The heat effects model was adjusted for relative humidity, metric of temperature difference over previous three days, air
pollution, day of week/holiday, biannual and random temporal trends. The cold effects model was adjusted for wind speed, day of week/holiday, biannual and random
temporal trends.
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(Josseran et al., 2009; Knowlton et al., 2009; Linares and Diaz,
2009; Makinen and Hassi, 2009; O'Neill and Ebi, 2009; Ye et al.,
2012), could provide further insight about the effect of extreme
temperature on the working population.
5. Conclusion
This research indicates that the risk to occupational popula-
tions posed by regional, ambient temperatures varies non-linearly
with temperature. Occupational health risks are not limited to
extreme temperatures when public health warnings are typically
activated. Methodologically, the use of Bayesian inference
increases the methodological rigour of time series studies invol-
ving multiple smooth terms and can increase the feasibility of
modelling procedures. These ﬁndings can inform efforts to reduce
preventable, temperature-related occupational illness experienced
by workers.
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Appendix
Described arithmetically, all models had the following general
format
Yt  PoissonðλtEtÞ
log ðλtÞ ¼ μþxtβþAtþBðωtÞþα1 sin
πt
365
 
þα2 cos
πt
365
 
þα3 sin
2πi
365
 
þα4 cos
2πi
365
 
covðAtþh; AtÞ ¼ 2 expð ϕjhjÞ ð1Þ
here Yt is the case count on day t; Et is the monthly estimate of
FTE's on day t; ωt is the temperature on day t; and Xt is the vector
of other explanatory variables on day t. The sine and cosine terms
represent annual and six-monthly cycles, B(ω) is the effect of
temperature, and At is the (Normally-distributed) residual time
trend. The α and β are regression parameters, with and ϕ being
covariance parameters. In models with a randomly-varying tem-
perature effect B(ω) was deﬁned as
Bðωþ1Þ j BðωÞ  N½BðωÞ; η2Þ ð2Þ
and models with a bilinear temperature effect had
BðωÞ ¼ γ1ωþγ2 min ½0; ω ω0: ð3Þ
here ω0 is a pre-speciﬁed threshold (22°C and 0°C for heat and cold
illnesses respectively). The default prior distributions in the INLA
software were used throughout. These are
μ : N ð0;1Þ;
α; β; γ : N ð0;102Þ;
1
2;
1
η2
: Gammað1; 0:0005Þ; and
log ðϕÞ : N ð0; 5Þ
ð4Þ
This dataset is large and the number of terms in the model
modest, with the parameters in the model being well identiﬁed
and having narrow posterior distributions. These wide and unin-
formative prior distributions were therefore judged to be suitable
as they imposed minimal restrictions on the data's ability to
determine the posterior distributions.
References
Armstrong, B., 2006. Models for the relationship between ambient temperature and
daily mortality. Epidemiology 17 (6), 624–631.
Bhaskaran, K., Gasparrini, A., Hajat, S., Smeeth, L., Armstrong, B., 2013. Time series
regression studies in environmental epidemiology. Int. J. Epidemiol. 42 (4),
1187–1195.
Breslow, N.E., Clayton, D.G., 1993. Approximate Inference in Generalized Linear
Mixed Models. Am. Stat. Assoc. 88 (421), 9–25.
Brezger, A., Lang, S., 2006. Generalized structured additive regression based on
Bayesian P-splines. Comput. Stat. Data Anal. 50 (4), 967–991.
Canadian Institute for Health Information (CIHI), 2003. Data Quality Documenta-
tion: National Ambulatory Care Reporting System 2001–2002: For External
Users. Ottawa, ON: Canadian Institute for Health Information.
Canadian Institute for Health Information (CIHI), 2008. National Ambulatory Care
Reporting System Manual 2008–2009. Ottawa, Ontario: CIHI.
Carter III, R., Cheuvront, S.N., Williams, J.O., Kolka, M.A., Stephenson, L.A., Sawka, M.
N., Amoroso, P.J., 2005. Epidemiology of hospitalizations and deaths from heat
illness in soldiers. Med. Sci. Sports Exercise 37 (8), 1338–1344.
Centers for Disease Control and Prevention, 1984. Fatalities from Occupational Heat
Exposure. Morb. Mortal. Wkly. Rep. 33 (28), 410–412.
Cheng, C.S., Campbell, M., Li, Q., Li, G., Auld, H., Day, N., Pengelly, D., Gingrich, S.,
Klaassen, J., MacIver, D., Comer, N., Mao, Y., Thompson, W., Lin., H., 2005.
Differential and Combined Impacts of Winter and Summer Weather and Air
Pollution due to Global Warming on Human Mortality in South-central Canada.
Technical Report. Health Policy Research Program, Health Canada.
Chien, L.C., Bangdiwala, S., 2012. The implementation of Bayesian structural
additive regression models in multi-city time series air pollution and human
health studies. Stochastics Environ. Res. Risk Assess. 26 (8), 1041–1051.
Donoghue, A.M., 2004. Heat illness in the U.S. mining industry. Am. J. Ind. Med. 45
(4), 351–356.
Environment Canada. 2012. Canada's Wind Chill Index.
Fahrmeir, L., Lang, S., 2001. Bayesian inference for generalized additive mixed
models based on Markov random ﬁeld priors. J. R. Stat. Soc. Ser. C: Appl. Stat. 50
(2), 201–220.
Field, C.B., Mortsch, L.D., Brklacich, M., Forbes, D.L., Kovacs, P., Patz, J.A., Running, S.
W., Scott, M.J., 2007. North America. In: Parry, ML, Canziani, OF, Palutikof, JP,
et al. (Eds.), Climate Change 2007: Impacts, Adaptation and Vulnerability.
Contribution of Working Group II to the Fourth Assessment Report of the
Intergovernmental Panel on Climate Change. Cambridge University Press,
Cambridge, UK, pp. 617–652.
Gasparrini, A., Armstrong, B., 2010. Time series analysis on the health effects of
temperature: advancements and limitations. Environ. Res. 110 (6), 633–638.
Gilks, W.R., Richardson, S., Spiegelhalter, D., 1995. Markov Chain Monte Carlo in
Practice. CRC Press, United States of America.
Hajat, S., Kosatsky, T., 2010. Heat-related mortality: a review and exploration of
heterogeneity. J. Epidemiol. Commun. Health 64 (9), 753–760.
Hassi, J., Gardner, L., Hendricks, S., Bell, J., 2000. Occupational injuries in the mining
industry and their association with statewide cold ambient temperatures in the
USA. Am. J. Ind. Med. 38 (1), 49–58.
Health Canada, 2011. Adapting to Extreme Heat Events: Guidelines for Assessing
Health Vulnerability. Health Canada, Ottawa, Canada.
M. Fortune et al. / Environmental Research 132 (2014) 449–456 455
Jackson, L.L., Rosenberg, H.R., 2010. Preventing heat-related illness among agricul-
tural workers. J. Agromedicine 15 (3), 200–215.
Jay, O., Kenny, G.P., 2010. Heat exposure in the Canadian workplace. Am. J. Ind. Med.
53 (8), 842–853.
Josseran, L., Caillere, N., Brun-Ney, D., Rottner, J., Filleul, L., Brucker, G., Astagneau, P.,
2009. Syndromic surveillance and heat wave morbidity: a pilot study based on
emergency departments in France. BMC Med. Inf. Decis. Making 9, 14.
Juopperi, K., Hassi, J., Ervasti, O., Drebs, A., Näyhä, S., 2002. Incidence of frostbite
and ambient temperature in Finland, 1986-1995. A national study based on
hospital admissions. Int. J. Circumpolar Health 61 (4), 352–362.
Knowlton, K., Rotkin-Ellman, M., King, G., Margolis, H.G., Smith, D., Solomon, G.,
Trent, R., English, P., 2009. The 2006 California heat wave: impacts on
hospitalizations and emergency department visits. Environ. Health Perspect.
117 (1), 61–67.
Kovats, R.S., Hajat, S., 2008. Heat stress and public health: a critical review. Annu.
Rev. Public Health 29, 41–55.
Likhvar, V., Honda, Y., Ono, M., 2011. Relation between temperature and suicide
mortality in Japan in the presence of other confounding factors using time-
series analysis with a semiparametric approach. Environ. Health Prev. Med. 16
(1), 36–43.
Linares, C., Diaz, J., 2009. Impact of high temperatures on hospital admissions:
comparative analysis with previous studies about mortality (Madrid). Eur. J.
Public Health 2008 18 (3), 317–322.
Makinen, T.M., Hassi, J., 2009. Health problems in cold work. Ind. Health 47,
207–220.
Martiello, M.A., Giacchi, M.V., 2010. High temperatures and health outcomes: a
review of the literature. Scand. J. Public Health 38 (8), 826–837.
Martins, T.G., Simpson, D., Lindgren, F., Rue, H., 2013. Bayesian computing with
INLA: new features. Comput. Stat. Data Anal. 67 (0), 68–83.
Masterson, J.M., Richardson, F.A., 1979. Humidex. Downsview. Environment
Canada, Ontario.
Ministry of Finance. 2010. 2011 Ontario Economic Outlook and Fiscal Review,
Background Papers. Queen's Printer for Ontario.
Morabito, M., Cecchi, L., Crisci, A., Modesti, P.A., Orlandini, S., 2006. Relationship
between work-related accidents and hot weather conditions in Tuscany
(central Italy). Ind. Health 44 (3), 458–464.
Mulder, P.G.H., 1983. An exact method for calculating a conﬁdence interval of a
Poisson parameter. [Letter.]. Am. J. Epidemiol. 117, 377.
Mustard, C.A., Chambers, A., McLeod, C., Bielecky, A., Smith, P.M, 2012. Comparison
of data sources for the surveillance of work injury. Occup. Environ. Med. 69 (5),
317–324.
Nelson, N.G., Collins, C.L., Comstock, R.D., McKenzie, L.B., 2011. Exertional heat-
related injuries treated in emergency departments in the U.S., 1997–2006. Am.
J. Prev. Med. 40 (1), 54–60.
O'Neill, M.S., Ebi, K.L., 2009. Temperature extremes and health: impacts of climate
variability and change in the United States. J. Occup. Environ. Med. 51 (1),
13–25.
Peng, R.D., Dominici, F., Louis, T.A., 2006. Model choice in time series studies of air
pollution and mortality. J. R. Stat. Soc. Ser. A: Stat. Soc. 169 (2), 179–203.
Peng, R.D., Dominici, F., 2008. Statistical Methods for Environmental Epidemiology
with R: A Case Study in Air Pollution and Health. Springer, New York.
Perry, A.G., Korenberg, M.J., Hall, G.G., Moore, K.M., 2011. Modeling and syndromic
surveillance for estimating weather-induced heat-related illness. J. Environ.
Public Health 2011, 750236.
Rue, H., Martino, S., Chopin, N., 2009. Approximate Bayesian Inference for Latent
Gaussian Models Using Integrated Nested Laplace Approximations (with
discussion). J. R. Stat. Soc. Ser. B: Stat. Method. 71, 319–392.
Schwartz, J., Samet, J.M., Patz, J.A., 2004. Hospital admissions for heart disease: the
effects of temperature and humidity. Epidemiology 15 (6), 755–761.
Semenza, J.C., McCullough, J.E., Flanders, W.D., McGeehin, M.A., Lumpkin, J.R., 1999.
Excess hospital admissions during the July 1995 heat wave in Chicago. Am. J.
Prev. Med. 16 (4), 269–277.
Sinks, T., Mathias, C.G., Halperin, W., Timbrook, C., Newman, S., 1987. Surveillance
of work-related cold injuries using workers' compensation claims. J. Occup.
Med. 29 (6), 504–509.
Statistics Canada, 2012. Estimates of Population by Age and Sex for Census
Divisions, Census Metropolitan Areas and Economic Regions.
World Health Organization (WHO), 2011. International Statistical Classiﬁcation of
Diseases and Related Health Problems 10th Revision.
Ye, X., Wolff, R., Yu, W., Vaneckova, P., Pan, X., Tong, S., 2012. Ambient temperature
and morbidity: a review of epidemiological evidence. Environ. Health Perspect.
120 (1), 19–28.
M. Fortune et al. / Environmental Research 132 (2014) 449–456456
